In Wi-Fi fingerprint positioning, what we should most care about is the distance relationship between the user and the reference points (RP). However, most of the existing weighted k-nearest neighbor (WKNN) algorithms use the Euclidean distance of received signal strengths (RSS) as distance measure for fingerprint matching, and the RSS Euclidean distance is not consistent with the position distance. To address this issue, this paper analyzes the relationship between RSS similarity and position distance, propose a novel WKNN based on signal similarity and spatial position. Firstly, we obtain the weighted Euclidean distance (WED) by balancing the size between the RSS difference and the signal propagation distance difference according to the attenuation law of the spatial signal. Then, we obtain the approximate position distance (APD) by making full use of the position distances and WEDs between RPs. Finally, the nearest RPs can be selected more accurately based on the APDs between the user and different RPs, and the position of user can be estimated by the proposed WKNN based on the APD (APD-WKNN) algorithm. In order to fully evaluate the proposed algorithm, we use three fingerprint databases for comparison experiments with eight fingerprint positioning algorithms. The results show that the proposed algorithm can significantly improve the positioning accuracy of WKNN algorithm.
matching, which is called as Euclidean-WKNN in this paper. However, the RSS similarity is not equal to the closeness of the position, it is inaccurate to use RSS Euclidean distance to measure the position distance between points in space, which is mainly reflected in the following aspects:
(1) In Wi-Fi fingerprint positioning, what we should most care about is the position distance between the TP and different RPs. However, for an ideal signal environment, the differences in RSS at different positions actually reflect the difference in signal propagation distance.
(2) The free-space signal attenuation model [8] shows that the RSS attenuation and the variation of propagation distance are not a simple linear relationship.
(3) The propagation path of indoor signals is very complicated, using only RSS information to estimate the position distance will cause large positioning error. Therefore, in order to accurately describe the position distance between points, we must utilize the known position information in the positioning environment.
Therefore, this paper designs a new distance measure based on the RSS similarity and spatial position distance, and the WKNN based on approximate position distance (APD-WKNN) algorithm is proposed.
II. RELATED WORKS
In actual positioning, the RSS value will present strong fluctuations, the general approach is to collect raw RSS data during a certain time at each position, then use the average value as the offline or online RSS for fingerprint positioning. For the Euclidean-WKNN algorithm, the RSS Euclidean distance between the RP and the TP is calculated by:
where ED i, * represents the RSS Euclidean distance between the i-th RP and the TP. The RSS u i and RSS u * are the average value of the RSS collected at the i-th RP and the TP, where the upper corner u indicates that the RSS came from the u-th AP. M is the number of APs.
Then select the RPs with the minimum RSS Euclidean distances from the TP as the nearest RPs and calculate the coordinate weights of nearest RPs. Finally, the position of the TP can be estimated by weighting the coordinates of the nearest RPs, as shown in (2) and (3) .
where K is the number of the nearest RPs, w i and (x i , y i ) are the weight and the coordinate of the i-th RP, respectively. Obviously, Euclidean-WKNN considers that a smaller RSS Euclidean distance means that the RP is closer to the TP, so it is assigned a larger weight to improve its contribution to the TP position estimation. Niu et al. [9] points out that different distance measures have a significant impact on the nearest neighbor-based algorithm. Kaemarungsi and Krishnamurthy [10] also points out that using a simple RSS Euclidean distance for position estimation may cause poor positioning performance. To address this issue, many improved positioning algorithms are proposed. In [9] , the experimental results show that the WKNN with Manhattan distance has better positioning performance. In [11] , to deal with the noise in the Euclidean distance calculation, different weights are assigned to RSS according to their importance. Ma et al. [12] improves Euclidean distance by introducing the standard deviation of RSS to smooth the signal fluctuation. Niu et al. [13] proposes a weighted KNN method to assign different weights by defining the correlation coefficient between APs and achieve room-level positioning accuracy. Xue et al. [14] proposes the concept of the uneven spatial resolution of RSS and designs a weighted algorithm based on the signal attenuation model. However, the indoor Wi-Fi signal propagation is very complicated, this algorithm relies too much on the signal attenuation model and an accurate path loss exponent is difficult to obtain [15] , which makes it have poor adaptability to various signal environments in practice. Bi et al. [16] proposes a cluster-filtered WKNN algorithm. It uses affinity propagation clustering algorithm to cluster the nearest RPs according to their position distances from each other, and the outliers are filtered out to reserve the subset with a larger number of RPs. However, the selection of RPs by this method is not based on the position distance between the RP and the TP. Therefore, some RPs close to the TP may be discarded as outliers, resulting in large positioning errors.
However, the methods mentioned above have not addressed the problem of the inconsistency between the RSS similarity and the position distance.
III. THE PROPOSED ALGORITHM A. ANALYSIS OF THE RELATIONSHIP BETWEEN DIFFERENT DISTANCES
Taking the Euclidean distance-based WKNN as an example, the core idea of algorithm is to find the RPs with the minimum Euclidean distances of RSS, and convert the coordinates of RPs into the estimated position of the TP. We can see that the purpose of calculating the RSS Euclidean distances is to measure the position relationship between points. However, to evaluate these position distances, we can only rely on the RSS information. To make it easier to understand, we show a situation where there is a TP, two RPs and an AP. As shown in Fig.1 , TP, RP i and RP j (the black points) represent the test point, the i-th RP and the j-th RP, respectively. PD * , PD i and PD j (the black dotted lines) represent their corresponding signal propagation distances. θ i and θ j represent the angle between different signal propagation paths, which range from 0 • to 180 • . RD i and RD j (the black solid lines) represent the real position distance from the TP to RPs. It should be noted that the propagation paths of indoor signal are very complex, the signal propagation distances mentioned in this paper only refer to the distances represented by linear propagation path.
We can approximately regard the real position distance and signal propagation distance as a triangular relationship. We use the triangle cosine theorem to express the position distance in terms of the propagation distance:
The θ i, * ranges from 0 • to 180 • , and (1 − cos θ i ) is greater than 0. Both (PD i − PD * ) 2 and 2PD i PD * (1 − cos θ i ) are the second-order function of the propagation distance. Therefore, we assume that their contributions to RD i are basically consistent. Moreover, in nearest neighbor-based algorithms, the proportion of the distances from different RPs to a TP, that is RD i, * RD j, * , should be what we care about, not the specific values of distances (the values of RD i, * and RD j, * ). In other words, based on the proportion of different position distances, we can determine the contribution of different RPs to the position estimation. Motivated by these considerations, under the condition that the proportion of position distance does not deviate greatly, we make approximations to (6) . The proportionate relationship of position distances can be described by:
where PD represents the propagation distance difference. The above analyses indicate that the proportion of real position distance is related to the proportion of signal propagation distance difference, and they have a non-linear relationship. Therefore, this paper considers two relationships: the relationship between the RSS and signal propagation distance difference; the relationship between the real position distance and signal propagation distance difference.
B. WEIGHTED EUCLIDEAN DISTANCE OF RSS
Now, let us analyze the relationship between the RSS and signal propagation distance difference theoretically. In Wi-Fi positioning systems, the information we can easily get from the receiver is the RSS, name and position address of the AP. Therefore, the RSS is necessary information for estimating the signal propagation distance. Many signal attenuation models are summarized in previous work [17] . For convenience, the log-distance model is adopted in this paper. As indicated in [8] , it can be described by:
where PD u i represents the signal propagation distance from the u-th AP to the i-th RP. PD 0 is the reference signal propagation distance and usually set to 1 m. P L PD u i represents the RSS value of the u-th AP at the i-th RP. η is the path loss exponent, which varies with different signal propagation paths and generally ranges from 1 to 6 in indoor environment [18] . According to (10), the RSS difference can be described by:
where RSS u i, * is the difference between RSS u i and RSS u * . We can see that the RSS difference has a logarithm relationship with the propagation distance. Table 1 lists the simulated values of RSS and propagation distance calculated by the signal attenuation model. The path loss exponent η is 3, the reference distance PD 0 is 1 m and P L (PD 0 ) is -35 dBm. We can see that for the same size of RSS difference, the sizes of propagation distance difference under different RSS values are different. In other words, given the same size of RSS, a pair of small RSS values produces a large PD. This phenomenon is called as the uneven spatial resolution of RSS in [14] . As indicated in (1), the size of Euclidean distance depends only on the difference value of RSS, without considering the overall value of RSS. Therefore, the Euclidean distance cannot accurately measure the signal propagation distance difference.
To describe the difference between difference propagation distance using the RSS more accurately, we present the weighted Euclidean distance (WED). The specific approach is as follows:
For each pair of TP and RP, we use the average value to represent the overall RSS value associated with each AP, denoted by:
where MRSS u i, * is the average RSS of the i-th RP and the TP, and u denotes the u-th AP. Then, we balance the size of RSS difference and that of Euclidean distance by assigning weights to the RSS from different APs. This weight is called as the signal weight (SW) and denoted by λ. For the i-th RP, the SW associated with the u-th AP is calculated by:
In this paper, the RSS readings from the receiving device are in dBm and negative. Therefore, a pair of small MRSS can produce a large SW. According to the previous analysis, we know that for the same RSS difference value, a pair of small (large) RSS values will produce a large (small) propagation distance difference. Therefore, considering the contribution of RSS differences from each AP to the size of propagation distance difference, the WED is calculated by:
where WED i, * represents the WED between the i-th RP and the TP. M denotes the number of the same APs detected at the RP and TP. Since the value of M is not constant at different points, to ensure the fairness of distance comparison, the WED is averaged by M . It can be concluded that the introduction of the SW can well balance the relationship between RSS and the signal distance. In other words, compared with Euclidean distance, the WED can be more accurate in describing the signal propagation distance difference.
C. THE WKNN ALGORITHM BASED ON APPROXIMATE POSITION DISTANCE
Let us continue to analyze the non-linear relationship between the real position distance and signal propagation distance difference. To our knowledge, the angle θ in (6) is difficult to obtain under the current Wi-Fi positioning systems. In addition, due to the complexity of indoor signal propagation, we cannot get a unified expression of this non-linear relationship. Therefore, the non-linear relationship should be described specifically for each pair of points. The distance weight (DW), denoted by γ , is introduced and the complex non-linear relationship of (6) is simplified into a proportional relation:
where γ i,j denotes the DW associated with the i-th RP, the j-th RP and the TP, which represents the non-linear relationship between the real position distance and the signal propagation distance difference. Firstly, we calculate the WEDs between the TP and all RPs, and C RPs with the shortest WED are selected, called initial RPs. Then, we continue to calculate the WEDs and real position distances between initial RPs.
The WED between the i-th and j-th RPs is calculated by:
The real position distance is calculated by:
Now, the DW of the i-th RP, can be obtained by:
where γ i describes the proportional relation of the real position distance to the WED between the i-th RP and the other initial RPs. It can be concluded that for each initial RP, the position distance between it and the TP can be approximately estimated by its DW and the corresponding WED. Therefore, we design a new distance measure, called approximate position distance (APD), to describe the real position distance between points and enhance the WKNN algorithm.
The APD between the i-th RP and the TP can be calculated by:
We further select K RPs with the shortest APDs in the initial RP set, which are called as the nearest RPs. The coordinate weight (CW) of the nearest RPs, denoted by ω, can be calculated by:
where ω i is the CW of the i-th RP. Finally, the position of the TP can be estimated by:
The flow chart of the proposed algorithm is shown in Fig.2 , and the symbol expression and definition of the main variables in this paper are also listed in Table 2 . To evaluate the performance of the designed distance measure APD in the ideal signal environment, we get the simulation data from the signal attenuation model and make the comparison with the Euclidean distance. For convenience, two APs, three RPs and six TPs are considered in a two-dimensional coordinate system. Table 3 lists the coordinates and RSS used for the comparison. Table 4 lists the ratios of the distances from the TP to three RPs, and the sum of the ratios equal to 1 for each TP. It should be noted that no matter which distance measure is used to measure the real position distance between location points, there will still be deviations, which is inevitable. We can see that compared with the Euclidean distance, the ratio error between APD and real position distance is less than Euclidean distance, that is, the distance ratio with APD is closer to the real position distance. The designed distance measure has better performance in measuring the position distance, which is favorable for position estimation.
IV. EXPERIMENTS AND ANALYSIS OF RESULTS
In this section, we adopt three fingerprint databases (namely Database1, Database2, Database3) and introduce eight algorithms to fully evaluate the performance of our proposed algorithm. The databases represent different RP distributions and data sizes in real indoor environments, the algorithms used for comparison can be divided into two types: the nearest neighbor-based algorithms and the machine learning-based algorithms.
A. EXPERIMENTAL DATA
For the Database1 and Database2, the Wi-Fi fingerprints are both collected on the second floor of the laboratory building in Harbin Engineering University, and the collection device is Xiaomi MIX2 Android smartphone with the Wi-Fi signal sampling frequency of 1 Hz. During the RSS collection of all RPs and TPs, the smartphone is pointing north. As shown in Fig. 3 , for Database1, 10 APs are deployed, 197 points (denoted by the black solid dots) are selected as the RPs, and 109 points (denoted by the green squares) are selected as the TPs. The distance between adjacent RPs is 1.2 m, which can be considered as an intensive RP distribution. The collecting durations of each RP and TP durations of each RP and TP are 120s and 60s, respectively. For the positioning using the machine learning-based algorithms, the RPs and TPs are recorded as the training dataset and testing dataset, respectively.
To evaluate the proposed algorithm under different RP densities, we reduce the number of RPs in the Database 1 to get the Database 2. In Database2, the number of APs and the collecting duration of each point are the same as the Database1. As shown in Fig. 4 , there are 100 RPs and 109 TPs in Database2. The number of RPs is nearly half that of Database 1, and the distance between RPs is also increased, which is considered as a sparse RP distribution in this paper. It should be noted that the RSS value can be influenced by the multipath effect caused by signal reflection, refraction and diffraction, as well as the signal occlusion by body [19] . Therefore, to reduce these influences, the RSS preprocessing method in [20] is adopted in the establishment of the Database1 and Database2. In the offline and online stages, the strongest RSS observations of each point are averaged as the RSS measurement for positioning. In this way, the processed RSS values are smoother, which can help achieve better positioning performance.
Many works have been done to solve the Wi-Fi fingerprint positioning problem. However, each method uses its own database to display the positioning results, which makes it difficult to objectively compare the performance of these methods. Therefore, to evaluate our proposed algorithm with other algorithms more fairly, the public fingerprint database UJIIndoorLoc [21] is used in the comparison experiments and called as Database3. UJIIndoorLoc was used by participants in the Evaluating Ambient Assisted Living (EvAAL) competition at IPIN 2015 [22] , where the participants subjected their Wi-Fi fingerprinting solutions to a competitive benchmarking test. The database is a multi-building and multi-floor indoor fingerprint database, the data are collected by 25 different Android devices and 20 different participants in the buildings of University of Jaume I (UJI), Spain. The database consists of 19937 training samples and 1111 testing samples, which can be considered as a large database. The testing samples are taken four months later than the training ones, thus the obtained positioning error with the UJIIndoorLoc can be more realistic.
B. INFLUENCE OF THE C-VALUE ON THE PROPOSED ALGORITHM
In our proposed APD-WKNN algorithm, we select the initial RPs based on the WSD. Therefore, it is necessary to analyze the influence of the number of the initial RPs (C-value) on the performance of the proposed algorithm. To ensure the objectivity of the results, we compare the effects of different C-values given K -values on the results. It should be noted that for our proposed algorithm, only when C-value is not less than K -value and 2, the DWs can affect the positioning results. Considering the densities of RPs in different databases, for the Database1 and Database2, the C-values ranging from 3 to 10 are tested with the K -values from 3 to 4. For the Database3, the C-values ranging from 3 to 20 are tested with the K -values from 3 to 6. Tables 5 and 6 As shown in Table 5 , on the condition of the K -values are 3 and 4, the average positioning error reaches the minimum of 2.32 m and 2.24 m when the C-values are 8 and 7, respectively. Because of the intensive RP distribution in Database1, a large C-value within a certain space range can provide more accurate measurement of the numerical relation between the WED and the position distance. If setting an excessively small C-value, some valid RPs near the TP may be lost. For the Database2, we can see that the average positioning error reaches the minimum of 3.08 m and 3.27 m when the C-values are 4 and 6, respectively. The distances between RPs in Database2 are larger than Database1, which can be regarded as a sparse RP distribution. If setting an oversize C-value, the coverage of initial RPs increases accordingly. This will cause that, for a TP and its nearest RPs, the calculated DWs may not reflect the relation between their WEDs and position distances well.
As shown in Table 6 , for the Database3, when the K -value ranges from 3 to 6, the best positioning results are obtained with the C-values of 9, 13, 11 and 14, respectively. We know that the RSS in Database3 come from different devices and have not been preprocessed, which cause that for each pair of initial RPs, the proportions of their real position distance to the WED will vary more. Therefore, adding or subtracting an initial RP can have a greater impact on the calculation of APD and hence the positioning results.
Based on the experimental results in three databases, we can find that the effect of C-value on the positioning result is insignificant when the C-value is within a certain range. For a constant K -value, the standard deviations of the mean errors under different C-values are between 0.33 m and 0.57 m with Database1 and Database2, between 0.54 m and 0.91 m with Database3. A suitable C-value should be determined based on the site size and the RP distribution. In this paper, we provide an empirical method to set the C-value: For the intensive distribution of RPs, the C-value can be selected in the range of 1 to 3 times K -value; For the sparse distribution of RPs, the C-value can be selected in the range of 1 to 2 times K -value.
C. POSITIONING PERFORMANCE COMPARISON WITH NEAREST NEIGHBOR-BASED ALGORITHMS
In this section, we compare the positioning accuracy of the proposed APD-WKNN algorithm with four nearest neighbor-based algorithms (Euclidean-WKNN, Manhattan-WKNN, Xue et al. [14] and Bi et al. [16] ) on three Databases. The Euclidean-WKNN and Manhattan-WKNN are the WKNN algorithms that use the Euclidean distance and Manhattan distance as the distance measure, respectively. Xue proposed a physical distance of RSS for indoor positioning, and the path loss exponent used in Xue's algorithm is set to 3 in the comparison experiments. Bi used the affinity propagation clustering (APC) algorithm to cluster the nearest RPs based on their position distances, and the most probable sub-cluster is reserved for position estimation by comparing the number of RPs. The positioning error in terms of the cumulative distribution function (CDF) on three databases is shown in Fig. 5, 6 and 7 , respectively. Tables 7, 8 and 9 list the error statistics of these algorithms.
On Database1, the K -value is set to 3 for all algorithm, and the C-value of the proposed algorithm is set to 8. As shown in Fig. 5 , the proposed algorithm obtains the best positioning accuracy. For instance, when the error threshold is 3 m and 5 m, the CDF of the proposed algorithm is 75.26% and 91.35%, which is higher than the 53.34% and 73.98% of Euclidean-WKNN, the 48.90% and 73.05% of Manhattan-WKNN, the 63.29% and 88.12% of Xue, and the 69.56% and 89.84% of Bi. As shown in Table 7 , compared with other four algorithms, the mean positioning error improvements of APD-WKNN are 45.28%, 27.27%, 39.74% and 20.82%, the RMSE improvements are 48.33%, 20.80%, 36.09% and 15.24%, respectively. On Database2, the K -value is set to 3 for all algorithm, and the C-value of the proposed algorithm is set to 4. As shown in Fig. 6 , the proposed algorithm obtains the best positioning accuracy. When the error threshold is 3 m and 5 m, the CDF of the proposed algorithm is 70.53% and 87.12%, which is higher than the 46.92% and 77.82% of Euclidean-WKNN, the 43.85% and 74.43% of Manhattan-WKNN, the 62.56% and 82.15% of Xue, and the 58.41% and 83.90% of Bi. As shown in Table 8 , the mean positioning error improvements of APD-WKNN are 33.04%, 38.03%, 14.68% and 18.52%, and the RMSE improvements are 36.46%, 40.14%, 21.60% and 28.16%, respectively.
On Database3, the K -value and C-value are set to 5 and 11, respectively. As shown in Fig. 7 , when the error threshold is 4 m and 6 m, the CDF of APD-WKNN is 53.94% and 70.03%, which are higher than the 42.11% and 61.25% of Euclidean-WKNN, the 34.58% and 49. 05% of Manhattan-WKNN, the 30.08% and 43.57% of Xue, and the 48.14% and 65.31% of Bi. Xue uses the signal propagation model with fixed path loss exponent to estimate the space distance between points, while the database3 has a very large coverage, so the difference of signal propagation environment in different positions is more intense, which makes the algorithm have the worst positioning accuracy on Database3. For APD-WKNN and Bi, these two algorithms both select the RPs twice, and use the position distance between the RPs in the second selection of the nearest RPs, which can reduce the deviation of distance measurement caused by only using RSS in a large database. Therefore, we can find that the performance of APD-WKNN is slightly better than Bi, and both two algorithms outperform the others. As shown in Table 9 , the mean error improvements of APD-WKNN are 20.60%, 39.67%, 44.12% and 7.40%, and the RMSE improvements are 6.61%, 35.25%, 33.86% and 3.81%, respectively.
D. POSITIONING PERFORMANCE COMPARISON WITH MACHINE LEARNING-BASED ALGORITHMS
In addition to the classical deterministic algorithms based on the nearest neighbor mechanism, many Wi-Fi fingerprint positioning algorithms have been proposed using various machine learning methods. Therefore, to evaluate the proposed algorithm more fully, we compare the proposed algorithm with four machine learning-based algorithms (Wang et al. [23] , Khatab et al. [24] , Xu et al. [25] and Yu et al. [26] ). Wang implemented a tree fusion-based regression model for fingerprint positioning. Khatab introduced the autoencoder (AE) to extract Wi-Fi features and used the Extreme Learning Machine (ELM) for fingerprint positioning. Xu adopted the AE for feature extraction and used the Multi-Layer Perceptron (MLP) for position estimation. Yu utilized the Radial Basis Function-based Support Vector Machine (RBF-SVM) for fingerprint positioning and achieved high accuracy. The parameters of these algorithms are set to the same as them in the literatures, and no changes are made in this paper. The K -values and C-values are also the same as the previous section. The positioning error in terms of CDF is shown in Fig. 8, 9 and 10, respectively. Tables 10, 11 and 12 list the positioning error statistics. The positioning error on Database1 is shown in Fig. 8 The positioning error on Database2 is shown in Fig. 9 and Table 11 . The 50%, 75% and mean error of the APD-WKNN are 1.97 m, 3.37 m and 3.08 m, which are smaller than 2. the RMSE improvements are 9.51%, 19.08%, 28.74% and 32.44%, respectively. The positioning error on Database3 is shown in Fig. 10 and Table 12 . We can find that our proposed algorithm, Wang's and Khatab's algorithms obtain similar positioning accuracy. The 50% errors of the three algorithms are 4.30 m, 3.93 m, 4.85 m, and the 75% errors are 8.22 m, 7.81 m, 8.89 m. Their mean errors are 7.05 m, 6.32 m and 7.23 m, respectively. Among them, Wang's algorithm has the highest average positioning accuracy. The method with the lowest accuracy is still Yu's, and its average positioning error is only 10.64 m. We can see that the positioning accuracy with Database3 is lower than Database1 and Database2, this is because the sampling data of Database3 are the original data without averaging or other preprocessing, collected by 25 different devices and 20 different participants, this data feature makes it more challenging to use nearest neighbor-based algorithm for positioning. For machine learning-based algorithms, the fingerprint feature extraction can reduce the influence of heterogeneous devices' RSS inconsistency on positioning. Besides, the powerful classification and fitting capabilities of machine learning enable them to cope with such large database. Nevertheless, we can see that, by using the more effective distance measure and accurate weigh, the mean positioning error of the proposed algorithm is still at a low level, which is 10.19% less than Xu and 33.74% less than Yu.
Moreover, compared with the positioning methods based on machine learning, our proposed algorithm has no training process and does not need adjusting numerous parameters.
Therefore, the complexity of the proposed algorithm is lower than that of machine learning-based algorithms, which is very important for indoor positioning based on mobile devices such as smartphones.
V. CONCLUSION
This paper proposes a novel WKNN algorithm based on a new distance measure for Wi-Fi fingerprint positioning. We first analyze the relationship between RSS similarity and signal propagation distance difference, and present the weighted Euclidean distance based on the attenuation law of the spatial signal. Then, by combining the weighted Euclidean distance with the known position information of RPs, the approximate position distance is designed and used for improving the WKNN algorithm. The positioning experiments are conducted with three databases, and the proposed algorithm is compared with eight different types of algorithms to evaluate the performance. The results show that the designed approximate position distance outperforms other distance measures in describing the position relation of points. The mean positioning accuracy of the proposed algorithm outperforms the Euclidean-WKNN by 45.28%, 38.41% and 20.60%, outperforms the SVM-based algorithm by 40.36%, 37.94% and 33.74% in three databases, respectively. In addition to the K-value and C-value, the algorithm does not need to set additional parameters, and the effect of C-value on the positioning result is insignificant when the C-value is within a certain range. In future work, we will focus on the automatic construction and update of database to reduce the work of offline field survey. 
